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3. Review of Literature1 

any commendable efforts have so far been made to classify tumors in the 

human body. The following review of literature covers an era of 2010 to 

2019 and attempts to describe how significant studies have contributed in 

classifying tumors by using different machine learning methods adopted during the 

specified era. The review includes the nature of work, image modalities employed, 

classification techniques applied, the dataset used and the performance of the concerned 

study.  A few major types of carcinoma have been included in the review: Lung, Breast, 

Bladder, Kidney, Liver, Thyroid, Uterus, and Head & Neck.  

3.1 Lung Cancer 

In 2010, Farag et al. [33] used Linear Discriminant Analysis (LDA) to classify lung 

nodules. They used the ELCAP database, SURF as the feature descriptor, and PCA as the 

feature selection tool. The highest accuracy achieved was around 82%. In 2012, Song et 

al. [34] trained the SVM classifier. They extracted SIFT features from the ELCAP dataset 

and achieved around 88% accuracy. In 2014, Zhang et al. [35] developed a method for 

classifying subtypes of a lung nodule. A feature set including SIFT, HOG was extracted 

from 379 nodules from the ELCAP dataset. SVM and probabilistic Latent Semantic 

Analysis (pLSA) analysis calculated probabilistic scores. The accuracy achieved was 

about 89%. In the same year, Kuruvilla & Gunavathi [36] did lung cancer classification 

by using an Artificial Neural Network. They used CT image and they extracted the Gray 

Level Co-occurrence Matrix (GLCM) features. The feature selection was accomplished 

by using Principal Component Analysis (PCA). Their model achieved an average 

accuracy of 94%. In 2015, Devinder Kumar et al. [37] did Lung Nodule Classification by 

using Deep Features. They used CT Images from LIDC (TCIA) dataset. The accuracy 

they achieved was near 75%. The system was developed to categorize a candidate tumor 

as either benign or malignant. During 2017, QingZeng Song et al. [38] studied Deep 

Learning for Classification of Lung Nodules. They used CT images from LIDC-IDRI 

(TCIA) database and the accuracy was around 84%. In the same year, Atsushi Teramoto 

et al. [39] classified lung cancer subtypes from cytological images using deep neural 

                                                           
1 Based on author’s publication no. 3 [Appendix C] and no. 8, 9 [Appendix D] 
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networks. The study achieved an accuracy of 71%. In 2018, Tafadzwa Lawrence 

Chaunzwa et al. [40] used deep-learning radiomics to predict lung cancer histology. 

LASSO method was applied to CT images and obtained an accuracy of around 75%. In 

the same year, Patrice Monkam et al. [41] studied CNN models discriminating between 

pulmonary micro-nodules and non-nodules. They used CT images from the LIDC-IDRI 

dataset. The system achieved around 88% of accuracy. Manu Sharma et al. [42] also used 

the LIDC-IDRI dataset for early detection of lung cancer during 2018. They used CT 

images and achieved an accuracy nearing 84%. In 2018 only, Mao et al. [43] used a deep 

auto-encoder for transforming local patches into local features and subsequently 

generated global features. The best accuracy attained was about 95%. In the same year, 

Liu et al. [44] trained CNNs for lung nodule classification. For training and testing, 1738 

nodules and 1000 non-nodules were extracted from LIDC-IDRI. Furthermore, 421 

samples were collected from the ELCAP dataset as test cases. The method had an overall 

accuracy rate of 92.3% on LIDC-IDRI and 90.3% on ELCAP. In 2018 only, Shaffie et al. 

[45] also conducted a study on deep learning-based classification of lung nodules. They 

used computed tomography scans from the Lung Image Database Consortium. In 2019, 

Bhatia et al. [46] did lung cancer detection by using Deep Learning Residual Approach 

(DLRA). The accuracy achieved was 84% on LIDC-IRDI dataset. 

3.2 Breast Cancer 
In 2010, Ayer T et al. [47] classified breast cancer by using an ANN model. They used 

mammographic and demographic data of 62219 patients with 10-fold cross-validation. 

The accuracy achieved was around 97%. In 2012, George et al. [48] applied Vector 

Quantization (LVQ) on microscopic images to classify breast tumors and achieved 

around 88% accuracy. In the same year, Swathi et al. [49] used Wisconsin Breast Cancer 

Data (WBCD) to train different neural network structures including Radial Basis 

Function (RBF), General Regression Neural Network (GRNN), Probabilistic Neural 

Network (PNN), Multilayer Perceptron (MLP) model and Back-Propagation Neural 

Network (BPNN). From the comparative study, it was found that the BPNN gave the best 

diagnostic performance of 99.28%. In 2013, Eshlaghy A et al. [50] used Support Vector 

Machines (SVM) with 547 clinical data and the accuracy achieved was 95%. In the same 

year, Azar & El-Said [51] applied three classification algorithms namely, Multi-Layer 
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Perceptron (MLP), Radial Basis Function (RBF), and Probabilistic Neural Networks 

(PNN) to classify breast cancer. They used WBCD and achieved 96% accuracy. In 2014, 

Seema Singh et al. [52] also used the WBCD database and investigated two variants of 

the back-propagation algorithm with three and four layers of neural networks. They 

achieved an accuracy of around 97%. During 2015, B. Singh et al [53] evaluated 

performances of some popular feature normalization techniques on breast tumor 

classification using ultrasound images. They used SVM and MLP with gradient descent 

or back-propagation and achieved an accuracy of about 84%. In 2015, Onan [54] 

employed Fuzzy-Rough Nearest Neighbor (FRNN) on mammograms and achieved 99% 

accuracy. During 2016, Huynh et al. [55] used transfer learning (CNN) to classify breast 

tumors as benign or malignant. They used 219 images, and the achieved AUC was 0.86. 

In 2017, Dhungel et al. [56] also employed CNN for mass detection. They used the public 

INbreast dataset containing 410 multiview images. The accuracy achieved was 90% and 

the sensitivity was 98%. In 2018, Xu et al. [57] used CNN and INbreast dataset to 

estimate breast density and the accuracy achieved was approximately 93%. Their 

classification endeavor was limited to benign and malignant tumor categorization.  

3.3 Bladder Cancer 
In 2015, Wang et al. [58] showed that Extreme Learning Machine (ELM) and 

Regularized ELM had more 0.8 sensitivity and specificity in predicting the mortality rate 

of bladder cancer patients after a radical cystectomy. In 2017, Xu et al. [59] did the tumor 

classification based on multiparametric MRI radiomic features for accurate 

differentiation between NMIBC and MIBC and got an AUC of 0.8610. In 2018, Ikeda et 

al. [60] trained CNN to distinguish between bladder tumors and healthy urothelium. They 

used a pre-trained network with 1.2 million images from the ImageNet data set. The 

outcome was 93.0% sensitivity and 83.7% specificity. In the same year, Eminaga et al. 

[61] used 18681 images from 479 cystoscopy videos. Their Xception-based model 

achieved an accuracy score of 99.52% while classifying the cystoscopic images. In 

another study of bladder cancer prediction during 2018, Cha et al. [62] investigated 123 

subjects, and the AUC obtained was 0.8, whereas the assessment of doctors had an AUC 

of 0.74. In 2019, Shkolyar et al. [63] used deep CNNs (TUMNet) to detect bladder 

papillary tumors from cystoscopic videos of 100 patients. The work was reported with 
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90% sensitivity. In the same year, Zheng et al. [64] extracted radiomic features and used 

the radiomic-clinical nomogram to serve as an auxiliary tool for bladder cancer 

classification. Their experiments with the validation set showed an AUC of 0.876. In 

2019 only, Lin et al. [65] integrated radiomics and transcriptomics to predict the 

progression-free interval (PFI) of bladder cancer patients. The radiomics risk model 

achieved an AUC of 0.956 and the transcriptomics risk model achieved an AUC of 0.948.  

3.4 Renal Cancer 
In 2017, Ing et al. [66] used a 2-step machine learning framework for quantitative 

imaging of tumor vasculature to get a prognostic gene signature. They also used the 

Cancer Genome Atlas (TCGA) data. Quantification of the vascular area helps in 

retrieving of 9 vascular attributes that predicted disease-free-survival. Two linear models 

with regularization bifurcated independent groups having 301 cases into good and poor 

disease-free survival groups. The AUC achieved was about 0.79. In 2018, Ali et al. [67] 

did a kidney cancer subtype classification using genome data. Features were extracted by 

Neighbourhood Component Analysis (NCA), and Long Short Term Memory (LSTM) 

was used to classify a given miRNA sample into kidney cancer subtypes. The Cancer 

Genome Atlas data repository (TCGA) was used, and the accuracy achieved was around 

95%. In the same year, Bektas et al. [68] used machine learning-based CT texture 

analysis for prediction of Fuhrman Nuclear Grade of Clear Cell Renal Cell Carcinoma. 

The classifiers used were Support Vector Machines (SVM), Multi-Layer Perceptron 

(MLP), Naïve Bayes, k-Nearest Neighbors, and Random Forest. It was observed that 

SVM attained the highest predictive performance and correctly classified approximately 

85% of nuclear grades with an AUC of 0.86. During 2019, many major developments 

took place in the field of automated classification of renal cancers. Han et al. [69] did a 

renal cancer subtype classification by using the deep learning method. A dataset was built 

from 169 renal cancer cases. The study showed around 85% of accuracy and 0.9 AUC. 

Zhou et al. [70] employed a deep learning model pre-trained by ImageNet dataset to 

classify renal tumors into benign and malignant. 192 cases (CT images) were used and 

the highest accuracy achieved was 93%. Tabibu et al. [71] used CNN to predict renal 

cancer histology subtypes and survival outcomes. The accuracy achieved was about 94%. 

Tian et al. [72] did the grading of renal carcinoma. The Cancer Genome Atlas (TCGA) 
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was used as the data repository. The Lasso model applied on 26 features, classified grade 

with 84.6% sensitivity, and 81.3% specificity in the test set. Kocak et al. [73] used 

machine learning-based CT texture analysis in predicting the mutation status of the gene 

encoding in renal cell carcinoma. The two machine learning models used were ANN and 

Random Forest. Random Forest achieved a better AUC of 0.98 than ANN, which 

achieved an AUC of 0.92. Rajendran et al. [74] did a computer-assisted radiologic 

assessment for the identification of tumor roughness as a method to predict renal cancer 

subtypes during 2019.  

3.5 Liver Cancer 
In 2011, Preis et al. [75] detected metastatic liver malignancy by using deep learning 

along with PET/CT images and ended up with an accuracy of 90.5%. In 2015, Kim et al. 

(76) detected liver cancer with an accuracy of 99.19 % by using a neural network and 

98.19 % by using a fuzzy neural network. In 2017, Vivanti et al. [77] tried to detect new 

liver tumors by using deep learning and CT images. The study included 246 tumors of 

which 97 were new tumors and the accuracy achieved was 86%. In 2018, Sabut et al. [78] 

did liver cancer subtype classification by using 225 CT images. After tumor segmentation 

by Gaussian Mixture Model and the watershed model, various texture features were 

extracted and fed into a Deep Neural Network (DNN) classifier. The study claimed to 

achieve a classification accuracy of 99.38%, after 200 epochs of training. In the same 

year, Ben-Cohen et al. [79] proposed CNN for the detection of liver metastasis in CT 

examinations of the liver. The method involved a convolutional neural network based 

classification. A total of 20 subjects having a total of 68 lesions formed the training set. 

For validation purposes, 14 cases with an overall 55 lesions were included. The true 

positive rate was 94.6% with 2.9 false positive per case. In 2018 only, Bharti et al. [80] 

proposed a model to differentiate between chronic liver and cirrhosis and the presence of 

Hepato-Cellular Carcinoma (HCC). The system was based on higher-order features. The 

proposed CNN feature was able to differentiate four liver stages and the classification 

accuracy of the model was 96.6%. During 2018, Frid-Adar et al. [81] used medical 

images for improving the performance of CNN based medical image classification. They 

used limited data of CT images of 182 liver lesions for generating synthetic medical 

images by employing Generative Adversarial Networks (GANs). They compared 
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classification performance with synthetic data augmentation and classic data 

augmentation. The classification performance yielded 78.6% sensitivity and 88.4% 

specificity. In the same year, Sato et al. [82] predicted hepatocellular carcinoma using 

real-world data containing 539 and 1043 patients with and without HCC. The gradient 

boosting attained the highest predictive accuracy of 87.34% and an AUC of 0.94. In 2019 

only, Romero et al. [83] adopted an end-to-end approach of deep learning incorporating 

feature extraction of the residual connections. Fully connected layers with pre-trained 

ImageNet weights were integrated as a classifier to provide a probabilistic output of liver 

lesion type. The accuracy achieved was 96%.  

3.6 Thyroid Cancer 
In 2014, Ding et al. [84] employed a Support Vector Machines (SVM) on the thyroid B-

mode ultrasound images to classify the lesion. The accuracy achieved was about 97%. In 

2016, Hongxun et al. [85] did a study to construct classifier models for differentiating 

malignant from benign thyroid nodules by including 970 patients reviewed by 

radiologists and nodules were graded according to a five-tier scoring system. 

Radiologists’ diagnosis achieved an accuracy of 88.66%, and the radial basis function 

(RBF)–Neural Network (NN) achieved a sensitivity of 92.31%. In the same year, Razia 

& Rao [86] reviewed the performances of machine learning techniques for thyroid 

disease detection. They discussed the contribution of different neural network modeling 

techniques in identifying hypothyroid diseases over the past two decades. They observed 

that the Linear Discriminant Analysis (LDA) algorithm gave the highest accuracy of 

99.62% with 6-fold cross-validation. In 2017, Torab-Miandoab et al. [87] applied image 

enhancement, image segmentation, and feature extraction to determine cold thyroid 

nodules automatically with 99% accuracy. In 2018, Farihah et al. [88] evaluated the 

consistency of the ultrasound classification system in predicting thyroid malignancy. A 

total of 91 patients were eligible and correlation of the classification with pathology 

results was assessed. The accuracy achieved was 93%. In 2019, Park et al. [89] developed 

an ultrasound-based deep learning model for the prognosis of thyroid nodules and 

compared its performance with those of a Support Vector Machines (SVM)-based model 

and radiologists’ diagnosis. Images of 4919 thyroid nodules were used and the diagnostic 

performance was evaluated by using logistic regression. It showed overall comparable 
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diagnostic performance with radiologists and assessed thyroid nodules more effectively 

without loss of sensitivity. In the same year, Wang et al. [90] classified histological 

subtypes of thyroid tumors by using 11,715 fragmented images. Using the test set, VGG-

19 yielded a better average diagnostic accuracy of 97%, whereas, the Inception-ResNet-

v2 achieved an accuracy of 94% for all the malignant types. In 2019 only, Zhang et al. 

[91] used a random forest algorithm to diagnose thyroid nodules. The model performed 

better (AUC = 0.924) than radiologist diagnosis (AUC=0.834) on conventional 

ultrasound.  

3.7 Uterine Cancer  
Long back in 2002, Clark et al. [92] had reviewed 56 studies on endometrial cancer. 

Heterogeneity of diagnostic performance was found significant and was not explained by 

either study setting or study quality. In 2014, Tseng et al. [93] used SVM to predict the 

recurrence of cervical cancer. They used clinical data of 168 patients and achieved an 

accuracy of 68%. In the same year, Patil et al. [94] extracted calcification features and 

used ANN & SVM to diagnose uterine cancer. Although the study claimed to increase 

the accuracy level, it lacked proper utilization of evaluation metrics. In 2018, Malek et al. 

[95] proposed a computer-assisted method for distinguishing uterine sarcoma from 

leiomyomas by using perfusion-weighted magnetic resonance imaging. They used data of 

42 patients and obtained an accuracy of around 92%. In 2019, Sun et al. [96] developed a 

CADx by using CNN and attention mechanisms (HIEnet). They predicted subtypes of the 

endometrial tumor with an accuracy of about 84%. In the same year, Akter et al. [97] 

performed machine learning analysis using 38 RNA-sequence and 80 enrichment-based 

DNA methylation datasets. Several biomarker genes were recognized by machine-

learning experiments. They employed several machine learning techniques like SVM, 

Random Forest, etc. They recommended a generalized linear model for feature space 

reduction and classification performance maximization. In the same year, Santhi et al. 

[98] used a deep convolutional neural network for malignancy detection in uterine 

cancer. Contour extracted images showed an accuracy of 92.14% in a 5-class problem. In 

a review during 2019, Njoku et al. [99] observed that tissue specimens are limited by the 

invasiveness and unacceptability of current sampling techniques. They concluded that 
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studies developing valuable biomarkers for endometrial cancer detection should utilize 

the potential of endometrial fluids sampled using non-invasive methodologies.   

3.8 Head & Neck Cancer 
In 2017, Halicek et al. [100] developed a CNN classifier to detect head and neck cancer 

by using Hyperspectral imaging. The classifier was able to differentiate between normal 

and cancer affected tissue with 81% accuracy. In the same year, Ma et al. [101] proposed 

another CNN based model. The model could distinguish between normal and cancerous 

tissues with an average accuracy of 91%. They also used Hyperspectral imaging, but the 

test subjects were 12 tumor-bearing mice. In 2018, Gupta & Malhi [102] used 26019 CT 

scan images from TCIA and employed a deep learning framework to detect head & neck 

tumors. They used fuzzy c means image segmentation technique and extracted Gray 

Level Co-Occurrence Matrix (GLCM) features. Their claimed accuracy was 98.8%, 

although the method they followed was not fully automated. In the same year, Lo et al. 

[103] claimed to have 100% accuracy in predicting metastasis of a malignant tumor. 

They proposed a Support Vector Machines (SVM) based method called Pred-Meta. The 

data set used in the study had 75 samples from 70 patients of head and neck cancer 

provided by the Taipei Veterans General Hospital of Taiwan. Nevertheless, they did not 

demonstrate enough statistical evidence to support their claim. Li et al. [104] trained 

Artificial Neural Network, K Nearest Neighbor, and Support Vector Machine to detect 

recurrence patterns in nasopharyngeal carcinoma with 306 subjects. The best performing 

model was an artificial neural network with an AUC score of 0.812. In 2019, Halicek et 

al. [105] did a study for differentiating head & neck squamous cell carcinoma from 

normal tissues by using CNN. They considered 156 cases and achieved an AUC of 0.916. 

In the same year, Diamant et al. [106] used deep learning to predict clinical outcome of 

head & neck cancer. The treatment outcome was predicted by using CNN. A total of 300 

cases from TCIA were considered and the AUC achieved was 0.92. Ma et al. [107] used 

adaptive deep learning for differentiating between benign and malignant head & neck 

tumors. An auto-encoder network was trained and the model had achieved a sensitivity of 

92.32% and a specificity of 91.31%. However, the study carried out was an animal-based 

one. 
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3.9 Research Gap 
From the above review it has been observed that, on a considerable number of occasions, 

in-vivo or non-invasive approaches have successfully challenged the in-vitro or invasive 

diagnosis of tumors. Machine learning, especially, deep learning has emerged as a 

seminal tool for CAD-based tumor prognosis. Researchers have so far concentrated on 

the classification of any particular type of tumor according to the originating organ [108] 

. This has indeed elevated the performance of domain-specific classification of tumors; 

the efforts related to the classification of heterogeneous tumors have been rarely 

witnessed. Most of the studies have ended up with a binary classification of tumors and 

tried to figure out whether the tumor was malignant or benign. These binary classification 

tasks have yielded higher accuracy; the methods are yet to be tested against a multiclass 

problem such as AJCC staging. The initiative to automate the TNM staging or 

histopathological grading has not been frequently seen.  Although the histological 

subtypes of the tumor are being identified in several cases, those cases are also based on 

some particular organ. It has also been observed that studies done earlier were based on 

some single mode of imaging, in most of the cases; these were based on the CT scan. 

Studies based on multimodal imaging techniques are very less in number. In many cases, 

the data are not clinically endorsed and the sample size is also insignificant. Even in the 

case of deep learning, many researchers have used the transfer learning technique [109] 

which needs GPU or cloud computing support. Consequently, these studies gave birth to 

huge resource consuming architecture. On the other hand, a few worked with orthodox 

machine learning techniques [110]. In today’s context, those standard methods may 

hardly find themselves useful in the concerned field of study. Thus, there is ample 

opportunity to carry out a study that can address all these issues. Such a study should be 

heterogeneous in terms of imaging modalities, tumor types should also be diversified 

concerning the originating organs. The data should be authentic and the algorithm to be 

used should be an improved one as per the performance which may be evaluated by 

various statistical metrics as applicable. The proposed architecture should also be 

lightweight than its contemporaries and should be less constrained by computing 

resources. The present study bridges the research gaps found in the related studies and 
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hopefully will come up as a new emerging scientific model for automated detection of 

malignant tumors of different origins. 

3.10 Conclusion 
In this chapter, an extensive review of literature has been done on existing works carried 

out so far with different types of tumors. As eight different types of tumors have been 

considered in the study, each of the tumor types has been taken for a tumor category. 

Brief description and outcome of every notable work for the last ten years have been 

discussed per tumor category. The review does not only narrate past work but also 

depicts their respective strength and limitations. This implies that the discussion 

regarding the related contemporary works acts loosely as a SWOT (Strength Weakness 

Opportunity Threat) analysis. The strength of the existing works is the success within 

their limited circumference. Weakness is the limitation where these works lack in 

pursuing experiments in a bigger periphery. Opportunity is the gap created as a scope for 

present and future studies. The threat is the inadequate advancement in the utilization of 

genomic biomarkers in tumor prognosis.  From the review, the overall research gaps have 

been identified. These research gaps direct the present research work in a meaningful way 

by fine-tuning the objectives and points the target activities more precisely. This in turn 

has increased the overall efficacy of the present study. 

  

 

 
 
 
 

 

 

 

 

 

  


